Abstract
species abundance, especially at large spatial scales, such as those representing regional species Fig. 1 . Metacommunity species abundance distribution in the four ecoregions of the East Asian islands. Ecoregions are discerned by colour (central continental arc: green, northern continental arc: blue, southern continental arc: orange, oceanic islands: purple). Histograms in the inner panels represent the estimated metacommunity species abundance distributions (SADs). The coloured lines represent metacommunity SADs predicted by the three variants of the unified neutral theory of biodiversity and biogeography (UNTB) (PMS -point mutation speciation model; RFSrandom fission speciation model; PS -protracted speciation model) fitted to the metacommunity SADs. x-and y-axis indicate the abundance octave and number of species, respectively. The jth abundance octave is defined as the range of abundance n satisfying 2 j−1 ≤ n < 2 j . abundance classes, but failed to predict the number of less common species and rare species. The macroscale SADs yielded estimates of the metacommunity size J M for each ecoregion, which 89 enabled us to disentangle speciation rate ν from the fundamental biodiversity number θ (Table 1) . A 90 higher speciation rate and shorter average lifetime of a species was observed in ecoregions composed 91 of small and isolated islands, the oceanic islands region, and the southern continental arc region 92 (Table 1) , implying relatively rapid evolutionary turnover of the metacommunity in those regions.
93
The magnitude of L largely differed between the models; the point mutation speciation model 94 2.00 × 10 estimates for species lifetime of vascular land plants based on fossil records (Niklas et al. 1983 (Niklas et al. , 1985 .
102
The UNTB, originally formulated with the point mutation and random fission speciation (Hubbell The model was applied to a dataset of woody plant communities in midlatitude forests in Japan.
263
The details of this application are fully described in Appendix B. Briefly, a large dataset comprised 
285

Data availability
286
The datasets generated and analysed during the current study are available from the corresponding 287 author upon reasonable request.
288
In this section, we describe a class of hierarchical models that estimates SADs in discrete inference of abundance for a number of species over a large geographical extent.
300
A model for spatially replicated detection-nondetection observations 301 We assume that there is a set of geographic areas of interest that contain I species of interest and 
307
The goal of the inference is to estimate the abundance of each species within each grid from these 308 locally replicated detection-nondetection observations. To achieve this, we explicitly make several 309 key assumptions in the data generating process. First, we assume that individuals are distributed 310 within some suitable habitats (e.g. forests) in which sampling plots are placed so that they never 
Fig. 2. A framework for estimation of macroscale species abundance distributions (SADs).
Spatially replicated detection-nondetection observations and various information on species geographic distribution (A) are integrated in a hierarchical model that links binary observations to underlying species abundance (B). A model fitting yields estimates of individual density of each species in each geographic grid, which can then be used to derive estimates of species abundance with the area of suitable habitat (C). The results can be used for diverse purposes relevant to e.g. community ecology, macroecology, biogeography, and applied fields of ecology (D).
These assumptions give us a probability function that explicitly links the probability of species probability for detecting at least one individual of species i in plot k in grid j, p ijk , can be written as: follows a Bernoulli distribution with a detection probability p ijk :
where p ijk is determined by Equation (1) and the combination of species and grid e (3) ij :
These submodels jointly construct a Bernoulli GLMM with complementary log-log link, in which 338 a jk is treated as an offset term. The model can therefore be fitted to data with standard GLMM 339 packages that implement multiple random effects, such as lme4 in R (Bates et al. 2015 ).
340
The model described above has a relatively simple structure, in which variation in individual 341 density was explained only by several unstructured random effect components. The inclusion of 342 random effects is essential in a multispecies distribution modelling as it enables us to "borrow 
356
Integrating grid-level occurrence information
357
Owing to the fact that information is shared by random effects, the simple random effect model grid-level presence-absence of species such as species occurrence records and expert range maps.
363
We introduce a latent indicator state variable that represents the grid-level presence-absence of 364 species and is denoted as z ij . The detection probability p ijk is then expressed as follows:
which indicates that the detection probability is 0 when the species is absent in the grid (z ij = 0), represents the individual density that is conditional on the presence of that species.
368
We regard z ij as a random variable following a Bernoulli distribution and add an additional 369 system model component to describe it. By adopting a similar modelling approach applied for the 370 individual density, the additional components can be constructed as follows:
where ψ ij is the occurrence probability of species i in grid j, which was decomposed into an intercept 372 term η and two normally distributed random effects that vary over species u 
374
We assume that the grid-level species occurrence z ij is partially observed via the plot-level presence than on that of species absence if different sources of data are in conflict.
382
Under these considerations, the conditional likelihood defined by our observation model (Equation 383 2) takes two cases depending on whether the presence-absence of the species is known or not. 
where in the former case, the conditional likelihood is given as a joint likelihood of y ij and z ij , and 389 in the latter case, it is given by the marginalized likelihood of y ij because z ij is missing. We note 390 that d ij and ψ ij are respectively a function of ξ and θ (Equations (3) and (9)), although that is not 391 expressed explicitly in the right-hand side of the equations.
392
In this integrated model, geographical grids that contain no detection-nondetection observations written as:
Statistical inference
399
As a class of general hierarchical models, the integrated model can be fitted to data by using either 
, where a prior 412 distribution for parameters p(θ) is needed to be specified. Although the integration over parameters 
416
The joint likelihood of the model can be expressed as:
where p(D ij | ξ, θ) is the conditional likelihood derived from the observation model (Equations 418 12-13), and p(ξ | θ) represents a probability density of random effects that is determined by the 419 system model (Equations 4-6 and 10-11):
where N (x | 0, σ 2 ) denotes the probability density of a normal distribution with mean 0 and variance 
Note that the use of the estimated occurrence probabilitiesψ enables this estimator to account for 429 the possibility of the presence of species even when they are not detected in the replicated plots (c.f., property of an ecological community that we aimed to infer, and can be estimated for each grid as:
where A j denotes the area of habitats in grid j. We can also estimate the SAD for a subset of the 434 area of interest J , denoted by N * J , as follows:
Note that the estimates of abundance of each species further permit to obtain various diversity 
518
The plot area ranged from 0.01 m 2 to 18,000 m 2 .
519
In the vegetation survey, species occurrence in the sampling plots (called "relevés") is traditionally 520 recorded according to cover classes for individual species. We converted these vegetation observations 521 into detection-nondetection records by assigning 1 if the species appeared in the plot and 0 otherwise.
522
In this analysis, we standardized the names of woody plant species and pooled the data for varieties 523 and subspecies with those of their parent species. As a result, we obtained detection-nondetection
524
observations for 1,248 species, which covers almost every woody plant species found in Japan.
525
We divided the entire study area into 10 × 10 km grids (Kubota et al. , 2017 . We analysed 526 in total 4,684 grids which covered ca. 99.5 % of the total land area of Japan. In total 3,695 grids 527 contained at least one vegetation plot.
528
We also compiled the species occurrence information at a grid level based on multiple data 529 sources. Species presence was registered from museum and herbarium specimens, species occurrence 530 records, and distribution maps of plant species compiled in Horikawa (1972) . Species absence was 531 recorded from the distribution maps of Horikawa (1972) and regional species checklists compiled by 532 prefectures of Japan.
533
The integrated model was fitted to these data by using the empirical Bayes estimation procedure obtained by using entirely different datasets and inference approaches.
551
The result highlighted geographical and latitudinal patterns of biodiversity over the East Asian 552 islands (Fig. 3) . The total abundance of woody plants revealed no apparent distinct latitudinal 553 patterns, although it tended to be slightly smaller at lower latitudes where few large islands exist 554 (Fig. 3A) . By contrast, species richness and diversity index (represented by Shannon entropy) 555 exhibited a clear, and similar, hump-shaped latitudinal gradient: species diversity was highest in the 556 midlatitude zone of the Japanese archipelago, which has a substantial amount of land area, and 557 decreased in both north and south directions (Fig. 3B, C) . We observed that compared to species 558 richness, diversity index shows a more mosaic-like geographical pattern (Fig. 3C) another set of estimates of species richness within 10 km square grid in the same region, which was 561 obtained based on a different (while partially in common) dataset and inference .
562
The estimates of species-specific abundance were validated based on data from geographically 563 replicated forest inventory plots that were independent of the fitted data. We used three sources of 564 forest inventory data that were collected in natural forests in Japan. They include the forest 565 dynamics plots (FDP), the national forest inventory plots (NFI), and forest sampling plots along between the inventory data as we explain below.
568
The FDP dataset consists of species abundance data collected from 40 quadrats. In each quadrat,
569
which was usually 1 ha in size, individuals with a diameter of ≥ 15 cm at breast height (DBH) were forests.
584
For each grid that contains at least one forest inventory plot, observed abundance was compared 585 to predicted abundance that was derived based on the model estimates. In order to predict the 586 abundance in NFI plots, we set the area of each plot to 0.1 ha.
587
The predicted and observed log abundance of woody plant species were mildly correlated and 588 generally distributed around the identity line, although a tendency of the model to underpredict the abundance was also evident (Fig. 4) procedure. We therefore applied a least square method to the Preston's abundance octaves of 641 metacommunities. We note that in addition to these three models, we also fitted the per-species 642 speciation model of Etienne et al. (2007) . However, this model consistently yielded boundary
643
estimates that made the model identical to the point mutation speciation model. We thus omitted it 644 from the comparison. 
